A novel method for enhancing gearbox fault diagnosis and prognosis is developed by fusion of multiple health indicators through support vector data description. First, the Comblet transform is used to identify gear residual error signals from the raw signal. Second, based on the observation of gear residual error signals, a total of 11 gear health indicators are identified, and are categorized into two types of indicators. The first and second types of indicators are for fault diagnosis and prognosis, respectively. The first type has six indicators, which are sensitive to impulsive signals triggered by anomalous impacts. The second type has five indicators, which are suitable for tracking degradation of faults. Third, through the support vector data description, the first six health indicators are fused into type one indicators for fault diagnosis. The remaining five indicators are fused into type two indicators for fault prognosis. Finally, a Gaussian kernel is designed to enhance the performance of type one and two indicators by optimal range of width size. The effectiveness of the proposed method is validated through experiments. The new method has been proven to be superior to methods that use unfused indicators individually.
Introduction
The gearbox, which serves as a kind of mechanical transmission system, plays an important role in a lot of mechanical equipment.
In practice, except for abrupt catastrophic failure, machines usually undergo a degenerative process from normal to failure. In order to reduce maintenance 3 Author to whom any correspondence should be addressed. downtime cost and to avoid unexpected accidents, conditionbased maintenance has attracted increasing interest from researchers and industry professionals [1] . Condition monitoring is the core process to draw reasonable maintenance schedules. Moreover, prognosis, based on past and current condition, can help predict the remaining useful life of a machine, before a functional failure happens, thereby facilitating realization of zero-downtime and maximization of productivity. Therefore, performance degradation assessment, as a part of condition monitoring, is very crucial. Besides, it should be noted that performance degradation assessment can become significant only after early faults are detected.
For machinery condition monitoring, vibration-based degradation assessment is a common and useful method. Yam et al [2] developed the intelligent predictive decision support system by using the recurrent neural network approach. Qiu et al [3] employed the wavelet filter and self-organized mapping to evaluate the health condition of rolling element bearings. Wang et al [4] directly constructed a health indicator using discrete wavelet transform through analysis of gear vibration. Pan et al [5] proposed a hybrid model using support vector data description (SVDD) and fuzzy c-means for bearing condition monitoring. Miao et al [6] built kurtosis of the Lipschitz exponent function-based gear residual error signal for the detection of early gear faults. Zhan and Makis [7] fitted a noise-adaptive Kalman filter-based autoregressive model to the healthy gear residual error signal. Further, a statistical measure based on the principle of three-sigma limit was used to evaluate the gear condition. Shao and Mechefske [8] applied the Kalman filter-based time varying autoregressive model to a healthy gear residual error signal. Gear health condition assessment was then assessed through autoregressive model residual. Liu and Makis [9] employed vector autoregressive modeling and dynamic principal component analysis to diagnose gear failure. Yang and Makis [10] used both the time-synchronously averaged vibration signal and filtered TSA envelopes to fit an autoregressive model with exogenous variables. Then F-test was applied to the residual signal of this model to detect gear fault occurrence.
On the other hand, Goode et al [11] considered that machine's full lifespan should be separated into two parts: one from normal to potential failure stage (N-P), and another from potential failure stage to functional failure stage (P-F). This also lets us think that performance degradation assessment does not become significant until early faults are detected. Therefore, figure 1 shows two major tasks during N-P and P-F stages. The method proposed in this paper is different from other methods which usually use only one health indicator for monitoring the entire lifespan of a machine [3] [4] [5] [6] . We propose the use of two fused indicators and combine them together for the gear's early fault diagnosis and then continuously assess the rate of degradation of each identified fault, or in other words, gear fault prognosis.
In actual condition monitoring, it is found that there are two kinds of health indicators. In this paper, we categorize them as type one and type two. Type one indicators, such as kurtosis value, are sensitive to impulsive faults, especially incipient faults, but are less effective for performance degradation assessment because filter-based kurtosis value decreases gradually as fault severity grows. Type two indicators, such as the root mean square (RMS) value, have less sensitivity to impulse faults, but can reflect the growth of fault severity.
In view of this idea, this paper uses the SVDD method for fusion of type one and type two indicators. The fused indicator should be more effective and visible than a single indicator used for early fault detection and performance degradation assessment. SVDD is a one-class classification method [12] . Traditional fault diagnosis focuses on differentiation of normal and other different faults whereas in the proposed method one class of indicators addresses one class of faults; other faults can be regarded as abnormal or outliers. So, the fault diagnosis problem becomes the problem to distinguish between normal and abnormal problems. In this formulation of the problem, the degree of fault severity can be computed from the deviation of abnormal from the normal. Therefore, it has the potential to detect early faults and track performance degradation. When we use type one and type two indicators as input features for the SVDD model, different kinds of indicators are fused into two indicators. One is used for early fault detection, and the other is employed for performance degradation assessment.
Before applying SVDD, signal processing is usually required to get a higher signal-to-noise ratio. Time synchronous averaging (TSA) provides a powerful tool for gear fault diagnosis [13] [14] [15] . Dalpiaz et al [16] reported that the integration of several available signal processing methods could result in good performance and indicated that the spectral correlation density of time synchronous average was suitable to the detection of gear crack. Wang et al [17] investigated the effectiveness of beta kurtosis with the phase modulation of the time synchronous average signal through an experiment. Wang and McFadden [18] decomposed the accelerated motion error signal into two parts. The first part is the harmonic error signal and the second part is the gear residual error signal. Both harmonic and gear residual error signals could be regarded as trigonometric series. While the harmonic error signal had frequencies which were the multiples of gear tooth meshing frequency, the gear residual error had frequencies which were the multiples of shaft rotation frequency. Miller [19] proposed comb filtering operation (called the Comblet transform), which was built by linear superposition of a family of narrowband harmonically related wavelet functions. In Miller's research, it indicated that harmonic error was due to elastic tooth deformations and the mean component of the gear tooth surface deviations. Hence, the harmonic error signal contains no fault signatures [19] . If the harmonic error signal has been filtered out, then the remaining gear residual error signal will be less sensitive to load variation. Here, Comblet transform serves as a preprocessing tool so that the gear residual error signal could be easily identified for further analysis.
The remainder of this paper is organized as follows. Section 2 briefly introduces decomposition of the gear motion signal and Comblet transform. Based on the remaining gear residual error signal, 11 health indicators are built for reflecting early faults and its performance degradation. Section 3 proposes a scheme for early fault detection and performance degradation assessment using SVDD. In section 4, a set of run-to-failure data is used for the validation of the proposed method. In section 5, Gaussian kernels with different width parameter values are discussed. Four evaluation indicators are then proposed for selecting a proper width parameter range. In the last section, summary and suggestions for future work are given.
Health indicators construction based on the gear residual error signal
In this section, the gear motion signal is introduced first for understanding which part is important for fault diagnosis. When a pair of tooth meshing gears is running at a constant speed, the single gear motion signal can be deduced by ideal tangential displacement x i (t) at the pitch circle as follows [18] :
where x o (t) denotes the initial displacement when t is equal to zero. v o represents the constant pitch line velocity.
In practical application, due to interruption of the nonconstant rotating speed, there always exists motion error, which can be defined as the difference between the gear's real motion and ideal uniform motion. Considering the motion error, equation (1) is revised as [18] 
Here, the harmonic error x eh (t) is an error based on tooth meshing frequency f m = Lf o , L denotes the number of gear teeth and f o is the shaft rotating frequency, and the residual error x er (t) is an error based on the shaft rotation frequency f o . In detail, x eh (t) and x er (t) can be given as in (3) and (4), respectively:
where N eh and N er are the harmonics numbers, coefficientsA n and B n are their corresponding magnitudes, k and n are positive integers, α n and β n are their corresponding phrases. Equation (2) shows that the total displacement, velocity v(t) and acceleration a(t) could be deduced by the first and second derivatives from the total displacement x(t) as follows [18] :
The second derivative, a(t), in equation (6) shows that the initial displacement and uniform motion terms disappear and only multiples of the fundamental gear tooth meshing frequency f m and shaft rotation frequency f o are left. That is the reason why acceleration signal is preferred.
In Miller's work, it indicated that a pair of the pinion and the gear shared a common set of frequencies, which were the gear meshing frequency and its harmonics [19] . Time domain averaging, as mentioned early, could be used to extract the gear or pinion motion error signal by ensemble averaging over the rotational period of interest. From frequency domain filter operation, time domain averaging operation looks like an ideal impulse train with precise repetition frequency. For machinery fault diagnostics, varied shaft rotation rate makes this technology difficult. Considering a frequency and its harmonics, giving the comb filter 'ideal impulse' a small but finite passband could get a better result. The Comblet transform combined idea is taken from time domain averaging, wavelet function and amplitude demodulation [19] . Based on different basic frequencies, such as the gear or the pinion rotating frequency, the gear meshing frequency and its sideband frequencies, the residual error comblet, harmonic error comblet and modulation error comblet were proposed in Miller's research. Each comblet comprises the linear superposition of several narrowband complex hybrid wavelets. For the residual error comblet, gear or pinion rotating frequency and its harmonics are retained without the first order sidebands of the meshing frequency and its harmonics using this frequency filter operation. When a gear tooth is cracked or breaks, it will largely show up. For the harmonic error comblet, gear meshing frequency and its harmonics are retained. As mentioned earlier, the harmonic error signal contains no gear fault information. And for the modulation error comblet, Miller's work showed that the first sidebands are responsible for amplitude modulation of the motion error signal, and its interpretation is that shaft unbalanced or the gear is eccentric. At last, the gear or pinion error motion signal consists of summation of the residual error comblet, harmonic error comblet and modulation error comblet in the frequency domain.
Miller combined the wavelet basis function and comb filter to formulate the Comblet transform. The Fourier spectrum of the complex Morlet wavelet based comblet is given as [19] 
Here λ is the bandwidth parameter and f r i is the ith frequency parameter, which is used as a comb filter. It is seen that equation (7) observed from equation (7) in the time domain by taking the inverse Fourier transform [19] :
The absolute value of the complex valued residual error signal is used in this paper and gives envelope estimation for the gear fault region [19] . Due to the gear having larger tooth spacing and more easily failing to fatigue failure caused by excessive bending stress, in the following sections, this paper chooses the gear for object. The same analysis method can also be applied to pinion.
In order to further show the advantage of Comblet transform, a comparison is performed using real gearbox vibration signal. The vibration signal that is shown in figure 2 was acquired when the gears were brand new (before the period of gear-in), and carried a work load of 540 in-lbs. The sampling frequency was 20 kHz. The gear output shaft rotating frequency was around 19 Hz as described in section 4. Therefore, each rotating cycle should have 1501 samplings. The vibration signal that is shown in figure 3 was acquired when the gear was deteriorating. The sampling frequency was the same as before, but the carried work load was 1080 in-lbs as tabulated in tables 1 and 2. Figure 2 repetitive impulses. The same process is used to analyze the gearbox vibration signal subject to gear fault. The results are given in figure 3 . It is difficult to identify gear fault from the original gearbox vibration signal- figure 3(a) . Fortunately, the obvious repetitive peak value in the gear residual error signal indicates that the gear suffers from fault. From this comparison, it is obvious that Comblet transform has great ability to extract gear fault-related signatures.
After extraction of the gear residual error signal, 11 health indicators were constructed. As mentioned in section 1, signals that have the ability to detect gear faults in early stages are called type one indicators. The rest that have the ability to track gear deterioration condition are called type two indicators.
Type one indicators in this paper are non-dimensional parameters and are described as follows [20] . (1) Kurtosis (KU)
where y(t), t = 1, 2, . . . , T , is the sampling point of the gear residual error signal. T is the number of sampling points.
− y is the mean value of the gear residual error signal y(t) and is defined as
σ is the standard deviation of the gear residual error signal and is given as
(2) Skewness (SK)
(3) Crest factor (CF)
(4) Clearance indicator (CLI)
(5) Shape indicator (SI)
(6) Impulse indicator (IMI)
Type two indicators can monitor deterioration after an early fault occurs. They are described as follows. (7) Variance (VA)
(8) Square root amplitude value (SRAV)
(9) Absolute mean amplitude value (AMAV)
(10) Fault growth parameter [19] (FGP)
where σ 0 is the 'baseline' standard deviation when the run began and I (·) is the indicator function. If the condition of the indicator function is true, its resultant value is 1; otherwise, its resultant value is 0.
(11) Fault growth parameter 1 [21] 
where
Here, · is the floor function.
Health indicators fusion based on support vector data description
Type one and type two indicators have different abilities in condition monitoring, including early fault detection and performance degradation assessment. Moreover, different indicators of the same type also have different sensitivities to fault. Hence, it is difficult to grade the indicators in terms of utility or effectiveness. Therefore, it is advisable to categorize these indicators according to their abilities, and formulate the indicators that can achieve similar outcomes into a major key indicator such that the information provided by each indicator can be captured. To fulfill such a fusion of indicators, two SVDD models were built for grouping the indicators into two major key indicators. The first key indicator is for providing early warning when a fault has occurred and the second key indicator is for assessing the rate of degradation if a fault has been confirmed. The two established models are differentiated as type one SVDD and type two SVDD models. The two SVDDs are different from other models used in the traditional pattern of identification of problems that usually focused on classification and regression tasks [12] and [22] . For example, traditional fault identification models for machine fault diagnosis are used to identify the causes of faults. Conversely, SVDD only considers abnormal conditions that deviate from normal conditions. So SVDD is a one-class classification solver. Operators can benefit from this method because only the sensory measurements obtained from a machine running under normal operating condition are needed. The SVDD method is briefly introduced in the following. Details of the theory of SVDD can be found in [12] and [22] . Assume a training set contains M normal vectors of objects {p i , i = 1, 2, . . . , M}. It is necessary to find a spherically shaped decision boundary with minimum volume for covering all (or most) normal objects. This sphere is described by its center a and its radius R > 0. It is intended to minimize error by using the following function [12] :
with constraints
Considering some data points outside the sphere in the training set, slack variables ξ i 0 are introduced and the minimization problem is transformed into [12] 
where parameter C gives the trade-off between volume of the sphere and errors. Constraint (26) can be incorporated into equation (25) by Lagrange multipliers:
with Lagrange multipliers α i 0 and γ i 0. L should be minimized with respect to R, a and ξ i , and maximized with respect to α i and γ i .
Taking the partial derivatives to zero, new constraints are given as follows [12] :
Equation ( 
where α i is subjected to constraints in equation (31). Maximizing equation (32) can give a new set of α i . So when the distance between object p i and the center a is different, then the Lagrange multipliers can be modified as follows [12] :
It can be seen that only object p i with α i > 0 is needed to be considered. All objects that fulfill the above definitions are called support vectors of the description.
To test whether a test point q is within the sphere, the distance between the center a and point q will be computed. The test point q will then be accepted [12] if 
Establishing
Type two fused indicator If in a situation the data do not follow a spherical distribution, then the inner product of objects (p i · p j ) can be replaced by a kernel function K(p i , p j ) provided the kernel satisfies Mercer's theorem [22] . Here, the kernel function maps the original data into some suitable feature space, where a tighter description can be used for covering data by sphere. Equation (36) can then be written as [12] 
References [12] and [22] discussed two different kernel functions. The first kernel function is a polynomial kernel with
where parameter d is the positive integer and gives the degree of the polynomial kernel. The second kernel function is stated as a Gaussian kernel with
where s is a width parameter. In order to suppress the growing distances for larger feature spaces, Tax [22] suggested that a Gaussian kernel could be used. The health indicators fusion method based on SVDD proposed in this paper can be illustrated as follows. First, in order to increase the number of training vectors, the original vibration c 1 (t) observed at time point u = 1 when gears started to run can be divided into M windows of equal length c . . .
(41) Equations (40) and (41) can serve as input feature vectors for type one SVDD and type two SVDD, respectively. Here, type one SVDD and type two SVDD trained by equations (40) and (41), respectively, are representing gears running under normal conditions. Repeating feature vectors extraction steps at another running time u = 2, 3, . . . , S; here, S is the last time when the machine was shutdown. Type one normal SVDD and type two normal SVDD can determine whether feature vectors obtained at another time u = 2, 3, . . . , S are in normal condition or not. In this paper, we use the SVDD toolbox developed by Tax [23] to develop our SVDDs. A pre-defined fraction of training data is set at 0.1 for rejection rates and the width parameter is set at 2. In Tax's toolbox, the result obtained from a testing vector is the probability of running under normal condition. Therefore, for each SVDD (type one normal SVDD or type two normal SVDD), there are M probabilities. We took the average of both SVDDs as fused indicators, named type one fused indicator (TOFI) and type two fused indicator (TTFI), as shown in equations (42) and (43):
where f typeone1 (·) and f typeone2 (·) represent type one normal SVDD and type two normal SVDD, respectively. TOFI is used to indicate early faults when there is an abnormal occurrence. TTFI keeps decreasing when a gear fault is deteriorating toward a complete breakdown. The flow chart of the proposed algorithm is shown in figure 4. 
Experiment validation
Most research concerning gear diagnostics focuses on distinguishing different gear faults. Moreover, artificially seeded damage was frequently introduced in the machine with electrical discharge for method validation. However, in practice, without abrupt failure usually a gear deteriorates from normal to failure. Besides, this propagation also addresses a gear's early fault stage. Therefore, this process by nature is better than that simulated by artificial seeded damage. Obtaining full lifetime vibration data under natural operation requires much time and cost. So, an accelerated life test is required. This experiment enforces a machine working under overload condition to accelerate machine deterioration. In this paper, a set of vibration signals collected from a mechanical diagnostics test bed (MDTB) is used to validate the proposed method. Vibration data of a test run of the signal reduction helical gearbox, which is called TR10, are provided by the Applied Research Laboratory (ARL) at Pennsylvania State Damage area Figure 6 . The damaged gear.
University [24] . Due to an axial thrust existing, accelerometer 3 mounted in the axial direction may be most sensitive to gear tooth faults [19] . Figure 5 shows the different locations of accelerometers attached on MDTB.
For test run 10, data were collected until the MDTB was shut down after two accelerometers exceeded their predetermined limit of 150% of RMS values. A series of inspections was performed in the process of test run. Each inspection generated a set of vibration data collected in a 10 s window at a sampling rate of 20 kHz. So, there are a total of 200 000 samplings in each inspection. The signal was then saved in a data file with a number denoting the sequence and time when the data were recorded. The rotating frequency of the gear shaft, f r , was 19.033 Hz.
The experiment was started at normal working load (condition 1) and the load was doubled (condition 2) after some time for the purpose of accelerating the rate of gear deterioration. Table 1 shows the test run time specification of TR10. Mechanical specifications of the gearbox (TR10) are given in table 2. TR10 was shut down after the gear teeth were broken as shown in figure 6 . The total number of running hours was 189.25 h; 148 data files were collected.
The temporal waveforms of kurtosis and RMS obtained from the original gearbox vibration signal are shown in figure 7 . It is obvious that direct application of both kurtosis and RMS is greatly affected by the workload. Furthermore, it is hard to find out the time when the gear appeared to be defective. Kurtosis could detect abnormal condition only around file 140, a time when the gear had already deteriorated seriously and was close to complete shutdown. Hence, these two indicators based on the original gearbox vibration signal are a relatively poor indication of the performance of the gear that had started to have a minor fault, and to assess the rate of fault deterioration.
To improve the efficiency of the indicators, we investigated 11 health indicators based on the gear residual error signal obtained by Comblet transform introduced in section 2 for monitoring the full life cycle of the gears. These indicators include KU, SK, CF, CLI, SI, IMI, VA, SRAV, From the results shown in figure 8 , one may find that type one and type two indicators have different sensitivities to early fault detection and fault deterioration assessment. According to their capabilities, the first six indicators (KU, SK, CF, CLI, SI and IMI) can be grouped into a TOFI for providing early warning when a fault begins to appear, while the remaining five indicators (VA, SRAV, AMAV, FGP and FGP1) can be grouped into a TTFI for assessing fault deterioration or performance degradation.
To validate the effectiveness of these two fused indicators, the analysis was repeated again. As mentioned in previously defined equations (42) and (43), TOFI is used for early fault detection and TTFI is used for fault degradation assessment. Their results are shown in figure 9 . Compared with only one indicator used for either early fault detection or performance degradation assessment, such as the result shown in one of the subplots of figure 8, it is obvious that TOFI and TTFI can provide much better fault diagnosis as well as prognosis. The TOFI clearly indicates that a fault appeared on File 36. Figure 8 . Gear condition monitoring using various indicators: (a) condition monitoring using KU, (b) condition monitoring using SK, (c) condition monitoring using CI, (d) condition monitoring using CLI, (e) condition monitoring using SI, (f ) condition monitoring using IMI, (g) condition monitoring using VA, (h) condition monitoring using SRAV, (i) condition monitoring using AMAV, (j ) condition monitoring using FGP and (k) condition monitoring using FGP1. Fluctuations appearing before and after the fault (File 36) are much smaller than those that appeared from figures 8(a)-(f ).
The TTFI also shows a steadily decreasing trend after File 36 or when the fault appeared. Hence, our two fused indicators, TOFI and TTFI, have proven to be capable of providing early warning when a minor fault has appeared and then accurately assessing the degradation rate of the fault.
Selection of optimal fused indicators
In this section, influence of Gaussian kernel with different width sizes is presented so that the optimal TOFI and TTFI can be found for various types of data. To strike a balance between fluctuations in the two zones, we use standard deviation and revised mean to select an optimal width size of the Gaussian kernel for TOFI. Standard deviation is selected because it can measure fluctuation from mean. In general, the smaller the standard deviation before and after occurrence of early faults, the smaller is the fluctuation, and hence the more obvious the TOFI will be, in visual inspection. Nevertheless, it is possible that TOFI can have a larger mean but small standard deviation after the appearance of the minor fault. In such a phenomenon, TOFI will indicate a poorer condition in visual inspection. To select optimal width size for TOFI, four evaluation criteria were selected as defined below:
where σ before and σ after are the mean standard deviations (unbiased estimator) before and after the occurrence of the minor fault. T early is the time when the early faults happened. 
where min 2 = min(TOFI(t), t = T early , T early + 1, . . . , T end ). The symbol, abs, is the absolute value. Mean before and Mean after are the revised mean before and after the occurrence of the minor fault, respectively. From their definitions, the smaller the values of σ before , σ after , Mean before and Mean after , the better will be the condition in visual inspection that TOFI can indicate.
We conducted experiments with width sizes varying from 1 to 30 for comparison purpose. The results are shown in figure 13 . In figure 13(a) , σ before becomes smaller as the width size increases. This reflects improvement of visual inspection with the increase of size. Such a phenomenon can be validated before file TOFI (35) as shown in figures 10(a), 11(a) and 12(a). In figure 13(c) and (d) , values of Mean before and Mean after become larger as the width size increases and then becomes saturated after a certain width size.
This phenomenon can illustrate the poor visual inspection caused by type one indicators' feature vectors, which matched with the phenomena shown in figures 10(a), 11(a) and 12(a), after file TOFI (36). Note that in figure 13 (b) the value of σ after becomes smaller after the width exceeds size 10. This is because the mean after the occurrence of the minor fault becomes larger as the width size continues to increase. Such a phenomenon corresponds to that shown in figure 13(a) where standard deviation becomes very small after the width exceeds size 10.
In conclusion, the proposed four evaluation criteria can be used for selecting a proper width size for TOFI. Note that TOFI is used to detect the time when a fault has occurred rather than to assess the performance degradation. Hence, the selection of a proper width size for TOFI should be focused on its ability to detect the occurrence of a minor fault. Based on this requirement, we recommend that the proper width of TOFI should be in the range of size 4-10.
Conclusion
In this paper, the decomposition of gear motion signal for gear fault-related features extraction is proposed. A useful gear signal processing algorithm called Comblet transform is employed to obtain the gear residual error signal, which is less sensitive to gear load variance. Based on observations from the gear residual error signal, 11 health indicators are developed. After intensive analysis, the 11 health indicators are divided into two fused key indicators according to their capabilities. The first key indicator, TOFI, has the ability to provide early warning when a minor fault has occurred. The second key indicator, TTFI, has the ability to track gear performance when the detected fault begins to deteriorate. These two fused indicators are obtained from SVDD. The results show that the two key indicators have better and more stable performance than the 11 indicators applied to the signal individually. To reduce fluctuations of trends generated by the two key indicators, Gaussian kernels with different width sizes were tested and compared. Based on the results of the comparison study, four evaluation criteria are designed to help selection of a proper kernel width size. With the help of the proper width size, fluctuations of the two trends become negligibly small, and the accuracy in fault detection and degradation assessment is enhanced. Hence, the two key indicators proposed in this study, TOFI and TTFI, are suitable for gear fault diagnosis and prognosis. In future, more research should be conducted on prognosis so that the indicators can help predict the remaining useful lifespan of defective gears. Different types of machines and machine components, such as bearings and pumps, are proposed to be tested by methods proposed in this paper.
